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Research on pedestrian detection algorithm combining
deep learning and imaging fusion

JIANG Bo-jun',ZHONG Ming-xia' , LIN Hao-yun’
(1. Zhejiang Business College , Hangzhou 310053, China;
2. School of Mathematical Sciences,Capital Normal University , Beijing 100089 , China)

Abstract : The aim of this paper is to address the difficulty in pedestrian target recognition in intelligent assisted driv-
ing systems due to the influence of light and climate on visible light cameras. A pedestrian target detection algorithm is
implemented and improved by studying image fusion techniques in combination with deep convolutional neural net-
works. Firstly, using multi-source sensor image fusion technology, the strategy of fusing visible light cameras and infra-
red thermal imaging cameras,based on the Faster RCNN algorithm, a pedestrian target detection algorithm based on
infrared thermal imaging technology and improved depth convolutional neural network is proposed. Then, the research
is carried out in terms of improving network structure ,feature fusion, optimising model training,and so on,and the re-
search is carried out on pedestrian detection and localisation tracking in complex environments. Finally, the experimen-
tal results show that this algorithm improves detection efficiency and accuracy for human target detection in complex
climate environments,and increases the safety of intelligent assisted driving vehicles.
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target detection

51 & ii'JE"JKAIEﬁi_iﬁIHL Fe [ iy 32w AR O H £ 2 H
WA E LT AR, NTORZ R SCEM X EGEE TR H £ 55K, Sl FHOiUA . RIEFR

EEWB WiTEZH TP H (No. Y202147947) Bl

EEE ST M4 (1978 =), 55 UL P, 2N PR AL BERITRBE 24 ) HORATFE . E-mail : bungeejiang@ 163. com
BIAEE U (1982 — ) Bt PRI, EZIHFTET7 N T RAHLEOR JERAEFEOR . E-mail :517997106@ qq. com
%5 H 89 :2023-09-19



e 54 A No.2 2024

LA W) 5 RRELVG AT AR EE DT 303

Bt 3 FE A H F GBI R E L 27.3 %, JEAER
ZH . RREEA LR BoR, EBOtEHENCR, R E
IR E K AT AN B e e 42 B4 i fE
JHBIE 60 % FIFET- ANKURAT A | AT 454538 55
R, DO TE P E B B A ES B, AT AR B AT 4
A 35 2 BB 4 H R, AR A AT IR 5
BAT NI IR B T &3R4 1 v 5
BB AT NP AT R AR R AN, F A
REHH 728 B 2y i 1T AAT A% AT 28 Frlie v B A8 T A
B, YR, EN SRS TR T RR RIS T
AT KI5 BB O RIF S« 1] DGR FZT AR S . Sk
M7, A UL GAREAG Sk M LA X 24 K41 (AN BB
5§58 JA% FANZEIE) IASGE IR . RN AT ok
PGS AR A SR I TR R AR AR B I A 4L
ANAGAS FERT WG G L AR e A Tl A, 1S
Al AR Bt iz T A BAR iR #
BREGHEARN T A ghrh, v DR FHAT AR L4
P, B E X S 2R (5 S, Wiy 35 SRR
fi, [l e 2 B AT . 3l 32 SIS A RE S3 A
] GRS R RISE &, AT LAZER () A
ST SR v A I R B B b R RS, AT
N4 2T ANRG ST WG Bl A Bt T
SR AENEE ST, WITTHET T B 22 3 R4 4k
Fneptt

AR, A TR T AFINAICR , P Rl A B Ak
T B LA B2 B T 2, )R 2 ) IR 4% v 4
IURRAE I HEF A7 N H AR W7 00 B R B i3 2, Hop
fI4% R-CNN'* | YOLO'™ | SSD'* 4 JL2K T i HE4L,
5 SRR T, m] IO B T AT AR ik B 4
i pagn R ENE NN NS AN L SiE RN
535 1 AT G B B, T B v IR S wE R, X s
SR = A efofE LU BN I : (1) 52 1K R ]
S AR A R , T UL FZT A G Bl A AR AR AR

o BBE 2k

ISEM 22t 33HR 2x2ilbfk

WIS T R 22 k. (2) B, S FIRE
& TR 2 45 (AT ARG DU RS 7R 5 SR 3 LR A s 1
2 {H SRR AR RAR , A i [ B (3 B S e o o
B, X DA A B2 B S ARG I A T R . 4T T
N BRI 3k 7 A 1 00 T T I o Pk K, 81 an 7
(1] ARRE DL RE R AE AT S 55, I BB PR Z A (1 5 M ]
AE BT E BRI A o B P T R, R G Bl
SE R A 7 R X ) A
2 WESBERENSHE

N T TR AR AR B JR R , 54 v E BRR
SRR A o] S, AT DR G A HA .
GG A ER 5] WGBTS S A
EATRIPEE, M= —A Rl R A3 EHS P R
W THRGEE R, AR T ] W6 R B A S B
B R — ] DG LT AN G A AR R AR
Y EARSRE G A AN TE R AR (B G BRI N A7
7522 SRR AT A ERAE 17 5 80 B0 K 1 100 , AR S
FETF DX R 45 1 BT W65 2T S A TN B AR
I8 SR T, 2547 1T WL 5 21 40 R OBUSE 25 FRAE
Rl LI ILTR B B B 2 25 0 2R P e #2017 A
RS . 1 SC R FHORURR S DX I o Do 265 BRIk
TR B 22 M 45 43 5 %k m] WY PG R 2r S L (5 0t
FHRFAESR IR, SRS 2 (14 0] WG AE 5 21 AMERAIE 38
TG B A DX A 0 45 A T RFAE 43 2 ]
Ho MR E SR, ¥h 5 HER2ZE
(Conv) F1 4 b fb)Z (Pool ) 8B HERR AT AL, WA 1
Ji7R i) WG MG R AE SR IR 1 4 FUZ M Convl-V
| Conv5-V ,ithfbJZ M Pooll-V % Poold-V ; £1 4N & 1%
RRAE SRR B 119 36 U2 M Convl-T F] Conv5-1, th fk
JZ M Pooll-I | Poold-1; RUREZS [X dak A= B 90 2 5 AiF i
AHCR R )2 ( Concat ) 4 AT UL YEHRAE 5 21
HMRFIERIBAE — i, 3 fil G 6 FUZ (Conv-F) i 47
AAFRIE2E 2 )G T T WS S5 20 A A R AIE o

3IGER 22l 3B 33

;" A &% :}wg s \ [ \
E : A ’:"[Convl—V]—{PoolI-V]—'EonVZ—V]—'E)ooD—V]—'[COnﬁ—V]—-[POOB-VHonM—V]—-[POOM-V]——[ConvS-\a—o
o

3x3ERL 2x23ik

ISHER 22l 3x3HR 2x2ithil

Concat [ Conv-F

33FH 2x2ifh 33HM

— COnVl-1]—{1)0011-IHCOHVZ-l]—i[Poolz_l]—-[COnV}-HPOOB-HCO“V4—HPOOI4-IJ—D[COHV5-1J—V
- J . J

WI2xH]2  WI2xH/2

i R wxH>64

x64 x128 x128 %256

WIAxHI4 — W/AxHI4  WISxH/8  WI8xH/8 W/16xH/16 W/16xH/16 WI/16xH/16 W/16xH/16

X256 x512 %512 x512 %1024 x512

P L RS DI A ) 245 R E SR 1 5 B A e o 245 454 ]

Fig. 1 Network structure diagram of feature extraction and fusion module for bimodal region generation network
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Fig. 2 Spatial pyramid pooling network
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Fig. 3 Process of model training steps
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